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128 The Journal of Thoracic and Cardbjective: I conducted a systematic review of the use of propensity score matching
n the cardiovascular surgery literature. I examined the adequacy of reporting and
hether appropriate statistical methods were used.
ethods: I examined 60 articles published in the Annals of Thoracic Surgery,
uropean Journal of Cardio-thoracic Surgery, Journal of Cardiovascular Surgery,
nd the Journal of Thoracic and Cardiovascular Surgery between January 1, 2004,
nd December 31, 2006.
esults: Thirty-one of the 60 studies did not provide adequate information on how
he propensity score–matched pairs were formed. Eleven (18%) of studies did not
eport on whether matching on the propensity score balanced baseline characteris-
ics between treated and untreated subjects in the matched sample. No studies used
ppropriate methods to compare baseline characteristics between treated and un-
reated subjects in the propensity score–matched sample. Eight (13%) of the 60
tudies explicitly used statistical methods appropriate for the analysis of matched
ata when estimating the effect of treatment on the outcomes. Two studies used
ppropriate methods for some outcomes, but not for all outcomes. Thirty-nine (65%)
tudies explicitly used statistical methods that were inappropriate for matched-pairs
ata when estimating the effect of treatment on outcomes. Eleven studies did not
eport the statistical tests that were used to assess the statistical significance of the
reatment effect.
onclusions: Analysis of propensity score–matched samples tended to be poor in
he cardiovascular surgery literature. Most statistical analyses ignored the matched
ature of the sample. I provide suggestions for improving the reporting and analysis
f studies that use propensity score matching.
ropensity score methods are increasingly being used to reduce the impact of
treatment-selection bias in the estimation of causal treatment effects using
observational data. The propensity score is a subject’s probability of receiv-
ng a specific treatment conditional on the observed covariates.1-3 Matching on the
ropensity score allows one to balance measured variables between treated and
ntreated subjects.1,2,4 However, matching on the propensity score can still result in
nmeasured variables being imbalanced between treated and untreated subjects.5,6
There are three commonly used propensity score methods: covariate adjustment
sing the propensity score, stratification on the propensity score, and propensity
core matching.7 Earlier studies have shown that propensity score matching results
n the comparison of treated and untreated subjects who are more similar than does
tratification on the propensity score.6,7 However, the analysis of a propensity
core–matched sample requires statistical methods appropriate for matched data.
A recently published survey found that statistical errors were present in a high
roportion of articles published in two medical journals.8 A systematic review of
iovascular Surgery ● November 2007
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A
CDrticles that employed propensity-score matching and were
ublished in the literature between 1996 and 2003 found
hat a high proportion of articles contained errors in the
pplication of propensity-score matching.9 Propensity score
atching is frequently used in the cardiovascular surgery
iterature. The objective of the current study was twofold:
rst, to systematically examine the use of propensity score
atching in the cardiovascular surgery literature; second, to
rovide recommendations to cardiovascular surgery re-
earchers on the implementation of propensity score
atching.
tatistical Methods for Propensity
core–Matched Samples
here are 4 different steps in a propensity score–matched
nalysis. First, one must specify the propensity score model.
econd, one must construct the propensity score–matched
ample. Third, one must assess the degree to which match-
ng on the propensity score has resulted in a matched sample
n which the distribution of measured baseline variables is
imilar between treated and untreated subjects. Fourth, one
ust estimate the effect of the treatment or exposure on the
utcomes under consideration. Each of these steps is de-
cribed in the subsequent subsections.
pecifying the Propensity Score Model
briefly provide some guidance on specifying the propen-
ity score model. Rosenbaum and Rubin1 demonstrated that
he propensity score is a balancing score: conditioning on
he propensity score results in treated and untreated subjects
aving similar distributions of baseline variables. Ho and
ssociates10 refer to the propensity score tautology as the
act that one has correctly specified the propensity score
odel when matching on the propensity score results in a
atched sample in which treated and untreated subjects
ave similar distributions of measured baseline variables.
his reflects Rosenbaum and Rubin’s2 use of an iterative
rocess for specifying the propensity score. Recently, along
ith Grootendorst and Anderson, I6 published an article on
ariable selection for propensity score models. I demon-
trated that including variables that are related to exposure
ut that are independent of the outcome in the propensity
core model can result in the formation of fewer matched
airs. This can result in less precise estimates of the treatment
ffect. Including only the confounders of the treatment–
utcome relationship, or all the variables associated with the
utcome, resulted in the formation of a greater number of
atched pairs and more precise estimates of treatment ef-
ect. Furthermore, it was shown that the receiver operating
haracteristic curve area (c-statistic) of the propensity score
odel did not provide any information about whether im-
ortant confounders had been omitted. I propose the fol-
owing steps in specifying the propensity score model: First,
erive a list of measured baseline variables that are likely i
The Journal of Thoracicelated to exposure and/or the outcome. The variables in
his list can be selected from reviews of the literature,
rom prior studies, and from expert opinion. Importantly,
he list should only include variables measured at base-
ine, before exposure. The list should not include the
utcome, nor should it include variables in the causal
athway. Second, derive an initial propensity score model
y including all variables in the list as main effects. Third,
ssess whether matching on the propensity score results in a
atched sample in which measured baseline variables are
alanced between treated and untreated subjects. Fourth, in
he event of imbalance, modify the propensity score, possi-
ly by using methods described in more detail by Rosen-
aum and Rubin.2 The third and fourth steps can be repeated
teratively until the baseline variables are balanced between
reated and untreated subjects. If the final propensity score
odel contains variables that are associated with treatment
ut that are independent of the outcome, then one can
xamine whether, by dropping these variables, one can form
larger number of propensity score–matched pairs without
ncreasing systematic differences in prognostic variables
etween treated and untreated subjects.
ropensity Score Matching
he propensity score is usually estimated by a logistic
egression model in which treatment (yes/no; 1/0) is re-
ressed on baseline characteristics. The estimated propen-
ity score is then the predicted probability of exposure to the
reatment from the logistic regression model. Once the
ropensity score has been estimated for each subject, treated
nd untreated subjects are matched on the propensity score.
ypically, nearest neighbor matching within a specified
aliper width is used. By this method, treated subjects are
andomly sorted. Then, the first treated subject is matched to
he untreated subject with the closest propensity score
ithin a specified range (the caliper width). If no untreated
ubject has a propensity score that lies within a specified
aliper width of the treated subject’s propensity score, then
hat treated subject is left unmatched and is not used in
ubsequent analyses. Matching without replacement is usu-
lly employed: once an untreated subject has been matched
o a given treated subject, this untreated subject is no longer
onsidered as a possible match for subsequent treated sub-
ects. This process is then repeated until all possible matches
ave been formed. Because the propensity score is a prob-
bility, it takes on values that lie between 0 and 1. If two
ubjects have propensity scores of 0.12345678 and
.12345123, then these subjects have propensity scores that
atch on the first five digits (0.12345). Another common
pproach is to attempt to match treated and untreated sub-
ects on the first five digits of the propensity score. If no
atch is found for a specific treated subject, then matchings attempted on the first four digits. If no suitable untreated
and Cardiovascular Surgery ● Volume 134, Number 5 1129
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A
CDubject exists, then matches are attempted on the first three,
rst two, and finally, the first digit of the propensity score.11
refer to this method as 5¡1 digit matching. A recent study
ound that matching on the logit of propensity score, using
alipers of width 0.2 of the standard deviation of the logit of
he propensity score, tended to have superior performance
ompared with other competing methods that are used in the
edical literature. [Austin PC. The performance of different
ropensity-score matching methods used in the medical
iterature. Under review.]
The term “greedy matching” refers to any matching
lgorithm in which, at a specific step in the matching
rocess, the nearest untreated subject is matched to the
reated subject in question, even if that untreated subject
ould have been a better match for a subsequent treated
ubject.12 The term “greedy” does not provide any informa-
ion about the calipers that were used in the matching
rocess. The alternative to using a “greedy” approach is to
se an “optimal” matching strategy that makes matches so
s to minimize a weighted average of the within-pair dis-
ance over all possible matches.12 In the above, I have
ssumed matching without replacement. One can also use
atching with replacement, in which an untreated subject
an serve as a match for more than one treated subject.
hus, it is possible to have multiple matched pairs, each
onsisting of a different treated subject, but each consisting
f the same untreated subject. When matching with replace-
ent is used, statistical methods for estimating the treat-
ent effect must take into account the lack of independence
n outcomes for the same untreated subject that is contained
n multiple matched sets. Throughout the remainder of the
anuscript, I will assume that matching without replace-
ent is being used.
tatistical Methods for Assessing Balance
he propensity score is a balancing score: matching on the
rue propensity score results in a matched sample in which
he distribution of each baseline characteristic is similar
etween treated and untreated subjects. In reality, except in
ontrolled experiments, one does not know the true propen-
ity score, and it must be estimated from the data. Ho and
olleagues10 refer to the propensity score tautology as the
act that one knows that one has properly specified the
ropensity score model when matching on the estimated
ropensity score balances baseline variables between
reated and untreated subjects. Thus, an important compo-
ent of any propensity score–matched analysis is comparing
he balance in baseline variables between treated and un-
reated subjects.
There is clear consensus among statisticians as to the
nappropriateness of using significance test to compare the
istribution of baseline covariates between different arms of
 randomized controlled trial.13-19 Imai, King, and Stuart20 i
130 The Journal of Thoracic and Cardiovascular Surgery ● Novave proposed two criteria for appropriate methods for
omparing baseline variables between treated and untreated
ubjects in observational studies. First, because balance is a
roperty of a sample, and not of a hypothetical super-
opulation, the measure for assessing balance must be a
roperty of the sample. Second, the method for assessing
alance must not be influenced by the size of the sample.
oth of these criteria rule out the use of significance testing
or assessing balance in baseline variables between treated
nd untreated subjects. The second criterion is important,
or if the method to assess balance were influenced by
ample size, then the matched sample may appear to have
etter balance solely because of the reduction in sample size
hat results from matching. Several authors have proposed
he use of standardized differences for assessing balance in
bservational studies.5,6,21,22 The standardized difference is
efined as follows:
d
100 |x treatment xcontrol|
streatment2  scontrol22
here xtreatment and xcontrol are the mean of the variable
mong the treated and untreated subjects, respectively,
hile streatment
2 and scontrol
2 are the sample standard deviation
f covariate in the treated and untreated subjects, respec-
ively. Ho and associates10 describe other possible measures
o assess balance, including quantile–quantile plots.
stimating the Treatment Effect
The need to account for the matched nature of the
ample. The propensity score–matched sample was cre-
ted by matching pairs of subjects with a similar propen-
ity score. Therefore, treated and untreated subjects
ithin the same matched pair have a similar propensity
core. Thus, these treated and untreated subjects within
he same matched pair have baseline variables that come
rom the same multivariate distribution.1 Randomly cho-
en treated and untreated subjects are likely to differ
ystematically in their baseline variables. Hence, treated
nd untreated subjects within the same matched pair are,
n average, more similar than two randomly selected
reated and untreated subjects. Because outcomes are
nfluenced by baseline characteristics (otherwise there
ould be no confounding), then outcomes are more sim-
lar within the matched pair than between randomly se-
ected treated and untreated subjects. This within-pair
omogeneity means that subjects within the same
atched pair are not independent. Therefore, by con-
truction, the propensity score–matched sample does not
onsist of independent observations. The need to account
or matching in the statistical analyses is well described
n the epidemiology literature.23,24
ember 2007
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A
CDStatistical methods for estimating the treatment effect.
he final analytic step is to estimate the effect of treatment
n the outcomes. This must be done in a manner that
ccounts for the matched nature of the propensity score–
atched sample. The statistical significance of the effect of
xposure on continuous outcomes can be assessed by a
aired t test25 or the Wilcoxon signed rank test.26 Propor-
ions can be compared by the McNemar test for correlated
inary proportions, or extensions thereof for categorical
ariables with more than two levels.27 Agresti and Min28
escribe methods for estimating relative risks and odds
atios in matched samples and for constructing appropriate
onfidence intervals. Kaplan–Meier survival curves can be
ompared by a test described by Klein and Moeschberger.29
s a brief description of this test, let D1 denote the number
f matched pairs in which the treated subject experiences
he event first, while D2 denotes the number of matched
airs in which the untreated subject experiences the event
rst. The test statistic is as follows:
D1 D2
D1 D2
hich has a standard normal distribution under the null
ypothesis and when the number of matched pairs is large
the matched pairs in which the smaller of the two times is
censored observation makes no contribution to the test
tatistic). The log–rank test, which assumes independent
trata, is not appropriate for comparing survival curves in
atched samples.29,30 The standard Cox regression model is
ot appropriate for matched-pairs data, as it assumes inde-
endent samples.31 However, for analyzing survival data,
sing a Cox proportional hazards models stratified on the
atched pairs would be appropriate.32 Another approach
ould be to use a Cox proportional hazards model with
obust standard errors that account for the clustering in
atched pairs.33 Similarly, conventional logistic regression
ould not be appropriate.34 However, for analyzing binary
utcomes, conditional logistic regression or logistic regres-
ion models estimated using generalized estimating equa-
ion methods take into account the matched nature of the
ata can be used.35
urvey of Propensity Score Matching in the
ardiovascular Surgery Literature
dentification of Published Articles Using Propensity
core Matching
used a search strategy similar to that of a recently pub-
ished systematic review of propensity score methods in the
edical literature.36 I used both PubMed and the Science
itation Index to identify studies that used propensity score
atching. I identified studies that included the keyword
ropensity, using a keyword search in PubMed. I restricted
y search to articles published between January 1, 2004, s
The Journal of Thoracicnd December 31, 2006, in the following cardiovascular
urgery journals: Annals of Thoracic Surgery, European
ournal of Cardio-thoracic Surgery, Journal of Cardiovas-
ular Surgery, Journal of Heart and Lung Transplant, and
he Journal of Thoracic and Cardiovascular Surgery. Using
he Science Citation Index, I also searched for articles that
ited one of the important papers on propensity score meth-
ds.1,2,37-40 The combined search identified 115 articles. I
hen examined these 115 articles and selected only those
hat used propensity score matching. The combined search
trategy resulted in the identification of 60 studiesE1-E60 that
sed propensity score matching in the following journals:
nnals of Thoracic Surgery (31 articles), European Journal
f Cardio-thoracic Surgery (9 articles), Journal of Cardio-
ascular Surgery (1 article), and the Journal of Thoracic
nd Cardiovascular Surgery (19 articles).
bstraction of Analytic Methods in Propensity Score–
atched Samples
abstracted the following information from each of the
ublished articles:
1. The method by which propensity score–matched
pairs were formed.
2. Whether the authors assessed the balance in baseline
characteristics between treated and untreated subjects
in the matched sample. When the authors compared
balance of baseline variables between treated and
untreated subjects, I examined the methods that the
authors used.
3. The statistical methods used to assess the effect of
treatment on the outcome, and whether this method
was appropriate for matched-pairs data.
esults of Systematic Review
critically examined 60 articles published in the cardiovas-
ular surgery literature between 2004 and 2006 that used
ropensity score matching. I report our results separately for
ach of the three items that were abstracted.
ropensity Score Matching
eventeen (28%) of the studies did not report the manner by
hich propensity score–matched pairs were formed. An
dditional 4 reported that greedy matching was used, and 10
tated that nearest neighbor matching was used. As noted
arlier, the use of the term “greedy matching” does not
rovide any details about the required similarity of the
ropensity score between matched treated and untreated
ubjects. Similarly, the use of the term “nearest neighbor
atching” is also uninformative, because it does not pro-
ide any details on the caliper widths that were used in the
atching process. Taken to the extreme, if a caliper width
as not used, then a matched untreated subject would be
ble to be found for each treated subject, because there is no
pecification that their propensity scores are required to be
and Cardiovascular Surgery ● Volume 134, Number 5 1131
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A
CDimilar. In total, 31 (52%) of the studies did not provide
dequate information about how the matching was done.
his has important consequences in that it does not permit
ther researchers to reproduce the studies’ methods. Among
tudies that fully describe how matches were formed, 20
sed 5¡1 digit matching, 1 study matched on the logit of
he propensity score using calipers of width 0.2 standard
eviations of the logit of the propensity score, and other
tudies matched on the propensity score using the following
alipers: 0.1 (1 study), 0.05 (2 studies), 0.02 (1 study), 0.015
1 study), 0.01 (2 studies), and 0.001 (1 study).
ssessing Balance Between Treated and
ntreated Subjects
leven (18%) studies did not report whether matching on
he propensity score resulted in a matched sample in which
he distribution of baseline characteristics was similar be-
ween treated and untreated subjects. One additional study
eported that balance was achieved, but did not report a
able comparing the distribution of baseline characteristics
etween treated and untreated subjects in the matched sam-
le. The remaining 48 studies (80%) reported a table in
hich the distribution of baseline characteristics was com-
ared between treated and untreated subjects.
Of the 49 studies that reported comparing the distribution
f baseline characteristics between treated and untreated
ubjects, 47 studies used statistical significance testing, 1
tudy relied on visual comparison, and 1 study did not report
he methods that were used. Of the 47 studies that used
tatistical significance testing, 1 study explicitly stated that
orrect statistical methods were used for matched-pairs
ata,E28 35 (58%) studies explicitly used statistical hypoth-
sis testing methods that did not incorporate the matched
ature of the sample, and 1 study used appropriate statistical
ypothesis tests for some variables but inappropriate statis-
ical hypothesis tests for other variables. Ten studies did not
eport what statistical tests were used to compare the dis-
ribution of baseline characteristics between treated and
ntreated subjects—only significance levels were reported,
ut not the statistical tests used to obtain these significance
evels. Importantly, none of the studies reported using ap-
ropriate methods for assessing balance in baseline vari-
bles between treated and untreated subjects. As discussed
n the “Statistical Methods for Assessing Balance” section,
tatistical hypothesis testing (regardless of whether it ac-
ounts for the matched nature of the sample) is not appro-
riate for comparing baseline balance of measured covari-
tes. No studies reported using standardized differences or
ther comparable methods.
stimating the Effect of Treatment or Exposure
n the Outcome
ight (13%) of the 60 articles explicitly stated that meth-
ds appropriate for the analysis of matched data were d
132 The Journal of Thoracic and Cardiovascular Surgery ● Novsed in estimating the treatment effect and its statistical
ignificance. These studies used McNemar’s test,E8 re-
ression models estimated generalized estimating equa-
ion methods to account for the matched-pairs nature of
he sample,E16,E36,E39,E46 Cox proportional hazards re-
ression stratified on the matched pairs,E42 and condi-
ional logistic regression.E43,E54 Two additional studies
sed methods appropriate for correlated data for some
utcomes, but not for other outcomes.E33,E49
Thirty-nine (65%) studies explicitly used inappropriate sta-
istical methods for assessing the statistical significance of the
ffect of treatment on the outcomes. Common errors included
sing the log–rank test to compare Kaplan–Meier survival
urves in the matched sample, using Cox proportional hazards
odels in the matched sample, using logistic regression in the
atched sample, using 2 tests to compare proportions in the
atched sample, and using Wilcoxon rank sum tests or stan-
ard t tests to compare continuous variables in the matched
ample. Eleven studies did not describe the statistical methods
hat were used to compare the outcome between treated and
ntreated subjects.E5,E12,E14,E15,E19,E20,E22,E24,E28,E44,E45 In
eneral, these studies were comparing proportions, means,
edians, or Kaplan–Meier survival curves between treated and
ntreated subjects.
iscussion
he objective of the current study was to critically examine
he use of propensity score matching in the cardiovascular
urgery literature. None of the 60 studies compared the
istribution of baseline variables between treated and un-
reated subjects in the matched sample and explicitly doc-
mented using appropriate statistical methods to assess
hether measured characteristics were balanced between
reated and untreated subjects in the matched sample. Eight
13%) of the 60 studies explicitly used appropriate statisti-
al methods for all analyses examining the impact of treat-
ent on outcomes. I make the following recommendations
or the design, analysis, and reporting of studies that use
ropensity score matching. I summarize my recommenda-
ions for the implementation of propensity score matching
n Table E1.
escribing the Matching Method
he method by which the propensity score–matched pairs
ere formed should be explicitly described. This allows
ther researchers to replicate the study methods. It is insuf-
cient to state that either “greedy” matching or “nearest
eighbor” matching was used. If calipers of a fixed width
ere used, then this should be explicitly described. If 5¡1
igit matching was used, then this should be stated explic-
tly. A recent study found that matching on the logit of the
ropensity score using calipers of width 0.2 of the stan-
ard deviation of the logit of the propensity score tended
ember 2007
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A
CDo have superior performance compared with other com-
eting methods. [Austin PC. The performance of differ-
nt propensity-score matching methods used in the med-
cal literature. Under review.] Furthermore, this method
lso has stronger theoretical justification.41
eporting the Balance of Baseline Variables Between
reated and Untreated Subjects in the Matched
ample
he CONSORT statement recommends that baseline demo-
raphic and clinical data be reported for each arm in a
andomized controlled trial.42 In a randomized controlled
rial, reporting baseline characteristics in each arm of the
tudy allows the reader to assess whether there was poten-
ially a breakdown in randomization, since randomization
hould, on average, result in similar distributions of baseline
ariables between the different arms of the study. Although
bservational studies are, by definition, nonrandomized,
atching on the propensity score allows one to balance
easured baseline variables between treated and untreated
ubjects. Describing the balance in measured variables be-
ween treated and untreated subjects in the matched sample
llows both the researcher and the reader to assess whether the
ropensity model was adequately specified.
Appropriate statistical methods should be used to com-
are the distribution of the baseline covariates between
reated and untreated subjects. Statistical methods for as-
essing balance in baseline variables should not be affected
y sample size and should reflect the fact that balance is a
roperty of a sample and not refer to a super-population.20
encourage researchers to use standardized differences to
ompare distributions between treated and untreated sub-
ects.6,7,21 Unlike P values, the standardized difference is
ot confounded with sample size, and thus balance in the
nitial sample can be compared with that in the matched
ample. It can also be used to compare the relative balance
f variables measured in different units.
Some studies that use propensity score matching com-
are characteristics of matched treated subjects with those
f unmatched treated subjects. This comparison can provide
seful information on differences between treated patients
ho were used in estimating the treatment effect and the
reated patients who were excluded from these analyses.
hese comparisons can provide useful clinical information
nd information on generalizability of the results. However,
do not consider the decision concerning their inclusion or
xclusion to be a statistical one. Furthermore, their inclusion
r exclusion does not affect the quality of statistical meth-
ds for assessing balance in measured variables between
reated and untreated subjects in the matched sample and for
stimating the significance of the treatment effect. o
The Journal of Thoracictatistical Methods for Estimating the Effect of
reatment on Outcomes
esearchers should explicitly report that methods appropri-
te for the analysis of matched data were used. In the section
itled “Statistical Methods for Estimating the Treatment
ffect,” appropriate methods are described for estimating
he treatment effect in propensity score–matched samples.
ome researchers have used conditional logistic regression
or the analysis of propensity score–matched samples.
hereas conditional logistic regression is appropriate for
atched-pairs data, it has been shown to result in biased
stimation of odds ratios when used in propensity score–
atched samples43 since propensity score methods allow
ne to estimate marginal treatment effects and not condi-
ional treatment effects.44 A marginal treatment effect is the
verage effect at the population level, whereas the condi-
ional treatment effect is the average effect at the subject
evel. The odds ratio is not collapsible, meaning that the
arginal treatment effect is different from the conditional
reatment effect.45 However, risk differences are collaps-
ble, whereas the relative risk is collapsible under certain
ircumstances.45 The use of conditional logistic regression
s thus discouraged. Because the matched sample has re-
uced or eliminated systematic differences in measured
ariables between treated and untreated subjects, regression
djustment should rarely be needed. Researchers are en-
ouraged to report risk differences or relative risks, rather
han odds ratios. Agresti and Min28 describe statistical
ethods for estimating relative risks and associated confi-
ence intervals in matched data. When researchers want to
djust for possible residual baseline differences between
reated and untreated subjects, regression methods that ac-
ount for the matched nature of the sample should be
ncorporated. Appropriate statistical methods for different
ypes of outcomes are summarized in Table E2, which
ppears online only.
omparison of Propensity Score Matching With Other
ropensity Score Methods
n the introduction, I stated that there were three commonly
sed propensity score methods: propensity score matching,
tratification on the propensity score, and covariate adjust-
ent using the propensity score. In this review, I have
ocused on propensity score matching. Propensity score
atching may require more analytic steps than competing
ropensity score methods. However, there are several argu-
ents for the use of propensity score matching. First, pro-
ensity score matching allows for the direct comparability
f treated and untreated subjects in the matched sample.
oth researchers and readers of the published research can
ssess the degree to which matching on the propensity score
esulted in a matched sample in which systematic differ-
nces between treated and untreated subjects were reduced
r eliminated. When stratification on the propensity score
and Cardiovascular Surgery ● Volume 134, Number 5 1133
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CDusually the quintiles) is employed, balance must be as-
essed within each of the strata, requiring a more complex
ssessment of balance. Second, prior empirical and theoret-
cal research that my colleagues and I6,7 have published has
emonstrated that propensity score matching tends to result
n the elimination of a greater degree of the systematic
ifferences between treated and untreated subjects than does
tratification on the propensity score. Third, when covariate
djustment using the propensity score is employed, it is
nclear how to assess whether the propensity score model
as been correctly specified. With propensity score match-
ng, one knows that the propensity score model has been
dequately specified when matching on the estimated pro-
ensity score results in treated and untreated subjects having
imilar distributions of measured baseline variables. Fourth,
ith propensity score matching and, to a lesser extent, with
tratification on the propensity score, one can directly assess
he degree of overlap between treated and untreated sub-
ects. This is less apparent when covariate adjustment using
he propensity score is employed. Fifth, covariate adjust-
ent using the propensity score is a model-based approach
nd thus requires the assumption that the outcomes model is
orrectly specified. Sixth, with covariate adjustment using
he propensity score, one loses the ability to compute mea-
ures of effect such as risk differences or relative risks when
xamining the effect of exposures on binary outcomes. Sev-
nth, sensitivity analyses for assessing the impact of potential
nmeasured confounders on the treatment effect have been
roposed for propensity score–matching methods.12
imitations
here is a limitation to this current systematic review. First,
he quality of articles employing propensity score matching
as assessed using published articles in the cardiovascular
urgery literature. It is possible that authors had provided
reater details on the analyses and results, but that these
ere removed during the revision and editorial process.
owever, this limitation is tempered by the fact that 65% of
he reviewed articles explicitly used statistical methods in-
ppropriate for matched-pairs data when estimating the ef-
ect of treatment on the outcome. Furthermore, 47 (78%) of
rticles used statistical significance testing to compare dif-
erences in baseline variables between treated and untreated
ubjects in the matched sample, despite this not being ap-
ropriate. Most of the errors that were highlighted were
rrors of commission, rather than errors of omission.
onclusions
n conclusion, propensity score matching tended to be
oorly implemented in the cardiovascular surgery literature.
he majority of studies ignored the matched nature of the
ropensity score–matched sample in the subsequent analy-
es. I have provided suggestions for improving the analysis
134 The Journal of Thoracic and Cardiovascular Surgery ● Novf propensity score–matched samples and for improving the
eporting of these analyses.
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CDable E1. Components of a propensity score-matched analysis
tep Analytic component
Describe how the propensity score model was specified.
● Describe how variables were selected for consideration for inclusion in the propensity score model.
● Describe how the propensity score model was formulated.
Explicitly describe how the matched sets were formed.
● Was matching done with or without replacement?
● Was greedy or optimal matching used?
● What was the width of the calipers for the matching method?
Report the distribution of baseline variables in treated and untreated subjects in the matched sample.
Compare balance in baseline variables between treated and untreated subjects.
● Do not use statistical significance testing.
● Use methods, such as standardized differences, that are not affected by sample size and that are a property of the sample.
Explicitly describe statistical methods to estimate the effect of treatment on the outcome. This method must account for the
matched nature of the sample.
ABLE E2. Statistical methods for estimating treatment effect for different outcomes
utcome Statistical method
ontinuous Paired t test or Wilcoxon signed rank test
● Can adjust for residual imbalance in covariates using linear regression model that accounts for the
matched-pair nature of the data using GEE methods.
inary (dichotomous) Risk differences: McNemar test
Relative risks: methods proposed by Agresti and Min.28
● Can adjust for residual imbalance in baseline covariates using logistic regression model estimated using
GEE methods to account for matched-pairs design.
ime-to-event (survival) ● Comparison of Kaplan-Meier survival curves using the test of Klein and Moeschberger.29
● Cox proportional hazards model stratified on matched pairs.
● Cox proportional hazards model with robust variance estimator to account for matching.EE, Generalized estimating equation.
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